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Abstract—Analyzing land cover changes with multi-temporal
remote sensing (RS) images is crucial for environmental pro-
tection and land planning. In this paper, we explore Remote
Sensing Image Change Captioning (RSICC), a new task aiming
at generating human-like language descriptions for the land
cover changes in multi-temporal RS images. We propose a novel
Transformer-based RSICC model (RSICCformer). It consists of
three main components: 1) a CNN-based feature extractor to
generate high-level features of RS image pairs, 2) a dual-branch
Transformer encoder to improve the feature discrimination
capacity for the changes, and 3) a caption decoder to generate
sentences describing the differences. The dual-branch Trans-
former encoder consists of a hierarchy of processing stages to
capture and recognize multiple changes of interest. Concretely, we
use the bi-temporal feature differences as keys to enhance image
features (queries) from each temporal image in the dual-branch
Transformer encoder. To explore the RSICC task, we build a
large-scale dataset named LEVIR-CC, which contains 10077
pairs of bi-temporal RS images and 50385 sentences describing
the differences between images. We benchmark existing state-
of-the-art synthetic image change captioning methods on the
LEVIR-CC dataset, and our RSICCformer outperforms previous
methods with a significant margin (+4.98% on BLEU-4 and
+9.86% on CIDEr-D). The attention visualization results also
suggest that our model can focus on changes of interest and
ignore irrelevant changes.

Index Terms—Remote sensing images, change detection, image
captioning, change captioning, Transformer.

1. INTRODUCTION

HE development of human society and the evolution of

the natural environment are accelerating global surface
changes. The availability of multi-temporal remote sensing
(RS) images provides an opportunity to study surface changes
[1]-[3]. The RS image change detection (RSICD) determining
pixel-level changed regions has become an emerging remote
sensing image interpretation task [3]-[6]. However, the pixel-
level changes cannot directly reveal high-level semantic infor-
mation such as object attributes and the relationship between
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objects in change regions [7], which requires much human
effort to interpret. Therefore, it is necessary to explore methods
to describe high-level semantic changes automatically. In this
paper, we explore a new task in the remote sensing field,
namely Remote Sensing Image Change Captioning (RSICC),
which aims to describe the changes in natural language by
comparing the RS images captured at different time points.
The task can be significant for many applications, such as
damage assessment [1], [2], environmental protection [3], [4],
and land planning [5], [6].

Image change captioning (CC), which aims at understanding
high-level semantic changes in the images and describing them
with human language, is an emerging research topic in the
computer vision (CV) field. The task involves both vision and
language. At the visual analysis stage, the task requires the
model to determine whether changes have occurred and to
locate and recognize the changed objects and the change types,
such as appearing, disappearing, increasing, and decreasing.
At the language generation stage, the task requires the model
to translate visual features into grammatically compliant sen-
tences. The task has been recently studied in some specific
application scenarios, such as monitoring scene CC [7]-[9],
3D scene CC [10], [11], and synthetic image CC [12]-[17]. For
instance, Oluwasanmi et al. [8] use a siamese Convolutional
neural networks (CNN5s) to extract the feature discrepancies of
an image pair, and then combine a soft-attention mechanism
[18] and Long Short-Term Memory (LSTM) [19] to generate
semantically associated sentences. Park er al. [12] proposed
a Dual Dynamic Attention (DUDA) model in which a spatial
attention module localizes change regions to enhance image
features, and a dynamic attention module utilizes generated
words to adaptively focuses on “before”, “after”, or “differ-
ence” feature representations for captioning. Kim et al. [16]
designed a difference encoder to model viewpoint change,
and designed a cycle consistency module fusing the generated
caption and before image features. They then minimized
the loss between the resulting features and the after image
features.

Recently, some large synthetic datasets (e.g., the CLEVR-
Change dataset [12], CLEVR-Multi-Change [17], and
CLEVR-DC dataset [16]) have provided fundamentals and
testbeds for designing and evaluating change captioning meth-
ods. However, compared to the synthetic scenes, the real
remote sensing scenes have a broader scale range, richer object
categories, and more complex ground details. That increases
the difficulty of the change captioning with remote sensing



<Before> <After> <Captions>

“The tiny green
rubber thing became
gray.”

Synthetic
images

Remote |
scensing
images

“Villas are built on
the bareland along
the road.”

Fig. 1. Illustration of change captioning. The synthetic images of the CLEVR-
Change dataset are automatically generated by the CLEVR engine [20], and
the object categories are monotonous. However, RS images of our dataset
have a broader scale range, richer object categories, and more complex ground
details. Besides, unlike the synthetic image CC dataset, the bi-temporal RS
images of our dataset are well registered, so there is no viewpoint change.

images. Besides, the remote sensing community currently
lacks a publicly available large dataset for the RSICC task.
Therefore, we build a large-scale dataset with real remote
sensing images and human-annotated sentences, which bridges
the gap between synthetic visual scenes and real-world ap-
plications. Fig. 1 shows an example comparison between the
previous synthetic datasets and our dataset.

Our large-scale LEVIR-CC dataset contains 10077 pairs
of bi-temporal RS images and 50385 sentences describing
the differences between images. The novel dataset provides
an opportunity to explore models that align visual changes
and language. In this paper, we refer to relatively small
and uninteresting changes as irrelevant changes, such as
light change, which bring significant challenges to change
captioning. To achieve RSICC, a robust model needs to 1)
distinguish the changes of interest and the irrelevant changes
in the complex scene, 2) recognize multiple changed objects
and corresponding change types, 3) describe visual changes
via language.

Two recent research works have explored the RSICC task on
small datasets [21], [22]. They used CNNs to extract features
of bi-temporal images. Some fusion strategies are designed
to fuse the bi-temporal features, and then the fused features
are directly sent into recurrent neural networks (RNNs) or
support vector machines (SVMs) [23] to generate sentences.
However, the feature difference is not sufficiently exploited
to capture and recognize changes of interest. In this paper,
we propose a novel Transformer-based RSICC (RSICCformer)
model to address the problem. Our RSICCformer consists
of three main components: a CNN-based feature extractor,
a dual-branch Transformer encoder, and a caption decoder.
The CNN-based feature extractor generates bi-temporal image
features. The dual-branch Transformer-based encoder consists
of a hierarchy of processing stages where in each stage,
there are three modules: 1) the difference encoding module
utilizing bi-temporal features to obtain the semantic features
revealing the differences between two images, 2) the siamese
cross-encoding (CE) modules utilizing the feature difference

to capture and recognize multiple changes of interest, and 3)
the multi-stage bi-temporal fusion (MBF) module utilizing the
features from different stage siamese CE modules to obtain
better high-level semantic feature representations revealing
multiple changes of interest and excluding irrelevant changes.
For the caption decoder, a Transformer decoder utilizes the
features from the dual-branch Transformer encoder to generate
sentences describing the differences between images.

On a related line, Qiu et al. [17] proposed MCCFormers-
S and MCCFormers-D for the synthetic image CC task. To
correlate the regions of two images with viewpoint changes,
MCCFormers employ the transformer encoder with multi-
head attention computing patch-level similarity. Specifically,
MCCFormers-S concatenates bi-temporal image features ex-
tracted by CNNs and then sends them directly into a Trans-
former encoder for dense feature interaction. MCCFormers-
D uses siamese transformer encoders with the co-attention
mechanism [24] to capture relevance between local regions
of two images. For the co-attention mechanism, the query is
from the features of one image, and the key and value are
from the features of the other image. Unlike MCCFormers,
since image pairs of our dataset are well registered (without
viewpoint change), we can utilize the difference between
the corresponding positions of bi-temporal images to capture
changes, which is a valuable prior. Therefore, we designed
siamese CE modules with the cross-attention mechanism in
RSICCformer to utilize the difference information, in which
the query is from the features of one image, and the key
and value are from the difference features. Experiments show
that this strategy effectively improves the model’s feature
representation and discriminative ability.

Our contributions can be summarized as follows:

« We conduct an in-depth study of an emerging task named
Remote Sensing Image Change Captioning (RSICC) that
aims at generating human-like language descriptions for
the ground feature changes in multi-temporal RS images.
The RSICC provides significant application prospects,
such as damage assessment, environmental protection,
and land planning, and may help explore models to align
visual changes and language in RS images.

« We propose a novel Transformer-based RSICC model
(RSICCformer). We combine siamese CE modules uti-
lizing the feature difference and MBF modules to obtain
high-level semantics revealing multiple changes. Exten-
sive experiments show the effectiveness of our method.
The attention visualization results also suggest that our
model can capture multiple changes of interest and ignore
irrelevant changes.

o We build a publicly available large-scale dataset named
LEVIR-CC to advance the change captioning task in the
remote sensing community. We benchmark existing state-
of-the-art synthetic image change captioning methods on
the LEVIR-CC dataset, and our RSICCformer outper-
forms these methods with a significant margin (+4.98%
on BLEU-4 and +9.86% on CIDEr-D).



II. RELATED WORK

The RSICC task can be considered a combination of change
detection and image captioning. Unlike change detection
requiring pixel-level change localization, change captioning
requires understanding changes at the semantic level, including
the attributes of the changed object and the positional relation-
ship between objects. Unlike image captioning describing the
visual content of interest in a single image, change captioning
requires describing the visual changes of interest in image
pairs. Here we discuss previous work on remote sensing image
change detection and remote sensing image captioning.

A. Remote Sensing Change Detection

The remote sensing change detection (CD) task aims at
locating and recognizing pixel-level changes in the bi-temporal
RS images. The output of the CD system is a binary change
map indicating change regions or a semantic change map
indicating the change type of each pixel.

The early traditional change detection methods can be
divided into three main categories: 1) algebra-based method,
2) transformation-based method, and 3) classification-based
method. The algebra-based methods perform the algebraic
operation on multi-temporal RS images to obtain the change
maps, such as image difference [25], image ratio [26], and
change vector analysis (CVA) [27], [28]. For example, Malila
et al. [27] employed the CVA method to calculate the
change intensity and change direction between pixels, and then
the change regions are discriminated by setting reasonable
thresholds. The transformation-based methods employ data
reduction methods to suppress correlated information and
extract effective features from the original multi-temporal RS
images for change discrimination. Commonly used methods
mainly include principal component analysis (PCA) [29],
[30], multivariate alteration detection (MAD) [31], [32], and
Gramm-Schmidt [33]. For example, Deng et al. [29] used
PCA to suppress correlated information and highlight vari-
ance in multi-temporal images for recognizing change areas.
Nielsen et al. [32] improved MAD [31] by iterating the
weights of different observations to highlight changes. The
classification-based methods obtain the change map by post-
classification (i.e., comparing multiple classification maps)
[34]-[36] or direct classification (i.e., performing classification
on the data stack consisting of multi-temporal images) [37],
[38]. For example, Bruzzone et al. [36] proposed a land-cover
change detection system composed of multiple classifiers and
a compound classification decision strategy. Tewkesbury et
al. provided a comprehensive review of traditional change
detection methods in [39].

Due to superior feature representation capability com-
pared to traditional methods, deep learning (DL) has recently
achieved great success in change detection. Most methods use
DL-based extractors to extract high-level semantic features
from raw multi-temporal images and use DL-based classifiers
to generate change maps. Commonly used networks of extrac-
tors and classifiers include CNNs [40]-[42], RNNs [43], [44],
transformers [45], [46], and generative adversarial networks
(GANs) [47], [48]. For the CNN-based methods, Zhang et

al. [40] explored a CNN-based siamese network for change
detection and used the weighted contrastive loss to optimize
the network. Peng et al. [41] proposed an improved UNet++
model with dense skip connections for the multi-scale feature
extraction and a multiple side-output fusion strategy for deep
supervision. Daudt et al. [42] proposed three fully convo-
Iutional networks (FCNs) for change detection and tried to
modify the FCN encoder-decoder into a siamese architecture
with skip connections. Many recent works have introduced
attention mechanisms to improve feature representation and
discrimination ability [5], [49]-[52]. For instance, Huang
et al. [52] proposed a multiple attention Siamese network
(MASNet), in which the attention feature fusion module
(AFFM) is utilized to fuse features from different layers and
branches in the Siamese network. Jiang et al. [50] proposed
a pyramid feature-based attention-guided Siamese network
(PGA-SiamNet), in which a co-attention module captures the
correlation between bi-temporal images and a context fusion
strategy is designed to fuse low-level and high-level features.
For the RNN-based methods, Sun et al. [43] introduced
the conventional long short-term memory (Conv-LSTM) [53]
layers into UNet [54] to fuse spatial and temporal features for
change detection. Chen et al. [44] used deep siamese CNNs
to extract spatial-spectral features from both homogeneous
and heterogeneous RS images, and used multiple-layer LSTM
to map the extracted features into a new feature space and
fully excavate the change information. For the transformer-
based methods, Chen et al. [45] proposed a bi-temporal image
Transformer (BIT), in which a semantic tokenizer represents
the images as a few visual words, and the Transformer utilizes
them to refine the bi-temporal features extracted by CNN. BIT
can efficiently and effectively identify the change of interest.
Zhang et al. [46] proposed a pure Transformer change detec-
tion network, named SwinSUNet, with a siamese U-shaped
structure. Different from the convolution unit of previous
CNN-based methods, the basic unit of SwinSUNet is the Swin
transformer block [55]. For the GAN-based methods, Chen
et al. [47] proposed an instance-level change augmentation
method based on GAN to synthesize new training samples
containing generated bi-temporal images with building-related
changes and corresponding masks. Zhao et al. [48] proposed
an attention gates generative adversarial adaptation network
(AG-GAAN) for change detection. In the AG-GAAN model,
image pairs are input into the generator to generate predictive
change maps, and the discriminator distinguishes the change
maps and ground truth labels. The generator employs AGs,
a spatial constraint mechanism, to locate change regions and
suppress irrelevant interference. Two comprehensive surveys
on the DL-based change detection methods can be found in
[56], [57].

B. Remote Sensing Image Captioning

Remote sensing image captioning is an active research topic
at the intersection of remote sensing image processing and
natural language processing (NLP). Unlike object detection
and image segmentation, the image captioning task aims to
understand the high-level semantic information of the visual



images and describe the scenes and ground objects in language
as a human.

The early captioning techniques used template-based meth-
ods [58]-[60] and retrieval-based methods [61]-[66]. The
template-based methods detect ground objects and fill the
corresponding words into a human-designed template. For
example, Shi er al. [S8] employed a fully convolutional net-
work (FCN) to extract ground elements of three levels, which
helps recognize objects of different sizes. The retrieval-based
methods require a large database to retrieve the most similar
image to a given image, and then output its corresponding
annotation sentence. For example, Wang et al. [66] embedded
the image and corresponding sentence into a common semantic
space and minimized the distance metric measuring similarity
between them during the training phase. The model retrieves
a candidate sentence whose representation is the closest to
the given image representation during the inference phase.
However, the template-based and retrieval-based methods can-
not generate novel sentences, and the sentences are relatively
limited and rigid.

Current image captioning methods are mainly based on
deep learning-based generative models. The most widely used
framework is the encoder-decoder framework [67]-[77], in
which the visual encoders extract image features and the
language models as decoders use the features to perform cross-
modal generation for captioning. In the visual encoding stage,
CNNs and Vision Transformers are usually used as backbone
networks. In the language generation stage, many language
models are used to utilize image features for captioning, such
as RNNs in [70], [78], [79], SVMs in [80], and Transformers
in [74], [81]-[83].

Qu et al. [67] first explored CNNs as encoders and RNNs
as decoders to generate sentences describing RS images. Lu
et al. [84] provided a large dataset named RSICD for RS
image captioning and compared the effects of hand-crafted and
CNN-based features based on the encoder-decoder framework.
RS images have many objects of different sizes. Most current
methods aim to enhance the visual representation ability of the
model. Designing different attention modules is a commonly
used approach. To capture multi-scale object information, Ma
et al. [71] used multi-head attention to obtain the context
feature from different layers and chose object detection as an
auxiliary task to obtain target-level features. Li er al. [72]
proposed a three-level attention model, which contains the
attention to the image regions, the attention to words, and the
attention to vision and semantics. Unlike many attention-based
methods that only establish the relationship between the local
features, Zhang er al. [85] proposed a global visual feature-
guided attention (GVFGA) module. The module performs a
mean pooling operation to obtain global features, and and an
attention gate and feature fusion strategy are designed to fuse
global and local features. To exploit structured spatial relations
of semantic contents, Zhao et al. [70] proposed the struc-
tured attention to utilize pixel-level image segmentation region
proposals extracted by the selective search method. Besides,
the method can deal with image captioning and segmentation
under a unified framework. Recently, some transformer-based
captioning methods have been proposed, inspired by the ef-

fectiveness of transformers in the field of CV and NLP. For
example, Liu et al. [74] used a Transformer [86] encoder to
process grid-based visual features extracted by CNN and used
LSTM to aggregate the features from different Transformer
encoding layers. Chen et al. [81] proposed TypeFormer, in
which a multi-scale vision transformer is used to capture
multi-scale object information, and a user-oriented controller
is designed to control the types of generated sentences. A
comprehensive survey on image captioning can be found in
[871, [88].

III. ProPosep LEVIR-CC DATASET

Our LEVIR-CC dataset (LEVIR Change Captioning
dataset) contains bi-temporal images and corresponding sen-
tences describing differences'. We will make the LEVIR-CC
dataset publicly available, and we believe the dataset will pro-
mote the research of RSICC. Our dataset and code will be pub-
licly available at: https:ll github.com| Chen-Yang- Liul RSICC

A. Image Pairs Collection

The images of the LEVIR-CC dataset are mainly from the
change detection dataset LEVIR-CD [5], where each image
has a spatial size of 1024 1024 pixels with a high resolution
of 0.5 m/pixel. These bi-temporal images are from 20 regions
in Texas, USA, and have a time span of 5~15 years. Since
each image pair in the LEVIR-CD dataset contains very
dense ground objects and changes, it is difficult to describe
the changes accurately and adequately in a few sentences.
Therefore, we crop the bi-temporal images to 256 X 256
pixels in our LEVIR-CC dataset. Besides, the bi-temporal RS
images are well registered pixel-by-pixel, so our dataset has
no viewpoint change.

B. Captions Collection

The LEVIR-CC dataset contains 10,077 pairs of images
with the size of 256 x 256 pixels. For each image pair, we
collected five annotated sentences provided by five different
annotators to describe the differences between images. Since
the bi-temporal RS images in our dataset have a long time
span and irrelevant changes are common in RS images, a pair
of RS images cannot be exactly the same. We consider the
image pairs with only irrelevant changes as no-change image
pairs. We formulated the following annotation guidelines for
annotators:

« Describe significant changes (e.g., ground object changes)
and ignore irrelevant changes and unimportant distractors
(e.g., light changes).

« Describe the changed objects and the change types, such
as appearing and disappearing.

« When describing changes of interest, avoid using mean-
ingless phrases, such as “there is”.

« The following five sentences are used as no-change anno-
tations: “The two scenes seem identical”, “The scene is

'LEVIR is our laboratory name: the Learning, Vision, and Remote Sensing
Laboratory.



Image pair 1 Image pair 2

< Before >

< After >

(1) The mall with a parking lot (1) Some villas with a swimming (1) All the trees disappear and (1) The bareland with some
a t-shaped road runs across a
residential area

(2) Trees are removed and a
road with a branch is built
with villas built along

(3) A road has been built
across the forest and many
buildings have been
constructed on both sides of

is built next to a playground in pool and a parking lot appear

place of the trees and many trees are removed

(2) Trees and bareland are (2) The woods are removed and

removed and a building with a some buildings with a parking

parking lot and a playing field lot are built

appears (3) Many trees are replaced by

(3) The trees are removed and ~ several houses with swimming

a large building with a parking pools and a large parking lot

lot and a playground is built ~ (4) Villas replace the forest and

(4) A large building replaces  only a small part of the forest is

the woods left

(5) A large building with (5) Most of the woods are

parking lots and playgrounds  replaced by a group of buildings

replace the plants with parking lots and swimming
pools

the road

the road

Image pair 3

| o,

(5) Many houses along the
road appear in the desert

Image pair 4 Image pair 5

x

(1) The two scenes seem

plants have been replaced by a identical

road with a playground a parking  (2) The scene is the same as
lot and a golf course around before

(2) Trees and bareland are (3) No change has occurred
replaced by a playing field witha  (4) Almost nothing has
playground on the left and a changed

parking lot on the right (5) There is no difference
(3) A road is built and a
playground and a parking lot are

built on both sides of the road

(4) Trees disappear and houses (4) Many sports venues are built
are built around the corner of

on open spaces
(5) Two playgrounds with
buildings nearby and a parking
lot appears in the desert

Fig. 2. Some examples in the LEVIR-CC dataset, where each image has a spatial size of 256 x 256 pixels with a high resolution of 0.5 m/pixel. Each
image pair has five annotated sentences describing the differences between images. Regarding changes of interest, unlike LEVIR-CD, which only focuses on
building-related changes, our dataset focuses on multiple change types, such as buildings, roads, and rivers. Besides, we consider the image pairs with only
irrelevant changes as no-change image pairs. For example, in the fifth image pair, we ignore the light change, shadow change, small tree-related changes, etc.

the same as before”, “There is no difference”, “No change
has occurred”, “Almost nothing has changed”.

After collecting all the annotations, we checked and fixed
spelling and grammatical errors in all annotation sentences.
Finally, our dataset contains a total of 50,385 sentences. Fig.
2 shows some examples in our dataset. Regarding changes of
interest, unlike LEVIR-CD, which only focuses on building-
related changes, our dataset focuses on multiple changed
scenes and objects, such as buildings, roads, playgrounds, and
rivers. Besides, we show a no-change example as the fifth
image pair in Fig. 2. We ignore the light change, shadow
change, small tree-related changes, etc.

C. Dataset Analysis

1) Image pairs: The LEVIR-CC dataset contains 5038
image pairs with changes and 5039 image pairs without
changes. Tab. I reports the number of image pairs in training,
validation, and test sets. The proportion of image pairs with
and without change is almost the same in the three sets. This
demonstrates that the distribution of image pairs in the three
sets is similar. Besides, we artificially counted the number of

TABLE I
THE NUMBER OF BI-TEMPORAL IMAGE PAIRS IN THREE SETS OF THE LEVIR-CC
DATASET.

Change or not ‘ Training  Validation  Test ‘ Total
Change 3407 667 964 5038
No change 3408 666 965 5039
Total | 6815 1333 1929 | 10077

image pairs from the perspective of changed object categories:
1) building-related changes (e.g., residential area, villa), 2)
parking lot changes, 3) road-related changes (e.g., crossroad,
path), 4) vegetation-related changes (e.g., tree, bush), 5) water-
related changes (e.g., river, lake). Tab. II reports the result.
The mean number of changed object categories per image pair
with changes is 1.71. We can observe many building-related
changes, which are related to human activity and urban sprawl.

2) Sentences and words: Our dataset contains 50385 sen-
tences describing the differences between images. We report
the sentence quantity, the word quantity, and the average
sentence length in the LEVIR-CC dataset, as shown in Tab. III.



TABLE I
THE NUMBER OF IMAGE PAIRS FOR EACH CHANGED OBJECT CATEGORY. M.C. REFERS TO
THE MEAN NUMBER OF CHANGES PER IMAGE PAIR WITH CHANGES.

Changed ob- Training  Validation  Test | Total | Proportion
ject category
Building 2919 558 844 | 4322 85.8%
Road 1683 347 515 2545 50.5%
Parking lot 197 33 56 286 5.7%
Vegetation 796 294 273 1363 27.1%
Water 72 8 18 98 1.9%
M.C. 1.67 1.86 180 | 171 | -
TABLE III

STATISTICS ON THE SENTENCE QUANTITY, THE WORD QUANTITY, AND THE AVERAGE
SENTENCE LENGTH IN THE LEVIR-CC DATASET.

Change or not ‘ Sentence quantity ~ Word quantity ‘ Average length

Change 25190 276537 10.98
No change 25195 125975 5.00
Total \ 50385 402512 | 7.99

The 25195 sentences describing image pairs without changes
are relatively short, and the average sentence length is 5
words. The average length of 25190 sentences describing
image pairs with changes is about 11 words. Besides, we count
the percentages of sentences of different lengths, as shown in
Fig. 3. We can see that the sentence length distribution in three
sets of our dataset is similar and most of these sentences are
between 5 and 15 words in length.

The annotated sentences of our dataset contain a total of
402512 words, as shown in Tab. III. To more intuitively show
the frequency of each word, we build a word cloud map based
on the word frequency, as shown in Fig. 4. We have removed
stop words (e.g., the, a, is) to focus more on informative words.
The larger the word size, the more frequently the word appears
in the annotated sentences. We can observe that some words,
such as “nothing” and “no”, appear very frequently. This is
because the words are often used in sentences describing
image pairs without changes, which make up half of the
dataset. Besides, as we know, building-related changes often
occur at the ground surface due to the influence of human
activities. Therefore, we can see that building-related words
appear more frequently, as shown in Fig. 4.

3) Human agreement: For captioning-related tasks, humans
have many equivalent language expressions to describe the
same thing. Human agreement [7], [89] means that these
different expressions reflect the same essence and meaning.
To quantify the human agreement between five annotated
sentences for the same image pairs in the LEVIR-CC dataset,
we report BLEU-N [90], ROUGE-L [91], and METEOR [92]
by conducting the following experiments: one sentence is
chosen as a hypothesis sentence while the remaining four are
references. We compare the human agreement of our dataset
with that of MS-COCO C5 [89], which is a large manually an-
notated image captioning dataset with five annotated sentences
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Fig. 3. The percentages of sentences of different lengths for 25190 sentences
describing image pairs with changes in three set. The sentence length
distribution in three sets is similar and most of these sentences are between
5 and 15 words in length.

TABLE IV
Human AGREEMENT coMPARISON OF LEVIR-CC anp MS-COCO C5 pataset. WE
REPORT BLEU-N, ROUGE-L, AxND METEOR WHEN ONE SENTENCE IS CHOSEN AS A
HYPOTHESIS SENTENCE WHILE THE REMAINING FOUR ARE REFERENCES.

Dataset ‘ BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L
MS-COCO Cs 66.3 46.9 32.1 21.7 25.2 48.4
LEVIR-CC 65.0 46.7 325 22.6 23.3 45.6

per image. Tab. IV shows the comparison results. We can see
that our dataset is reasonable and comparable to MS-COCO
CS5 in terms of human agreement.

4) Dataset comparison: Tab. V compares our dataset with
three existing change captioning datasets. For the CLEVR-
Change [12] and CLEVR-Multi-Change [17] datasets, images
are synthetic, and object categories are monotonous. The
viewpoint change is a common distractor in their image pairs.
Besides, annotation sentences are template-based, so they are
relatively rigid. For the Spot-the-Diff [7] dataset, image pairs
are frames at different moments extracted from surveillance
video in the real world. The Spot-the-Diff dataset and our
LEVIR-CC dataset have well-aligned bi-temporal images, so
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Fig. 4. Word cloud map based on the word frequency in the LEVIR-CC dataset. The larger the word size, the more frequently it appears in the annotated

sentences. Note that we removed stop words (e.g.,

the, a, is) to focus more on informative words. Some words, such as “nothing” and “identical”, appear

very frequently. This is because the words are often used in sentences describing image pairs without changes, which make up half of the dataset. Besides, as
we know, building-related changes often occur at the ground surface due to the influence of human activities. Therefore, building-related words appear more

frequently.

TABLE V
THE compARISON OF OUR LEVIR-CC WITH THREE EXISTING CHANGE CAPTIONING DATASETS.

Dataset Real world  Viewpoint change  Flexible sentences Time span Number of image pairs
CLEVR-Change [12] X X X - 79,606
CLEVR-Multi-Change [17] X X X - 60,000
Spot-the-Diff [7] X X X 0 ~ 8.5 hours 13,192
LEVIR-CC X X X 5 ~ 15 years ‘ 10,077

there is no viewpoint change. All sentences of the two datasets
are generated by humans, so they are more flexible than the
other two datasets. Besides, remote sensing images of our
LEVIR-CC dataset are taken from the God perspective and
have a longer time span. The images have a broad scale range
and complex ground information. Our novel dataset provides
the opportunity to align remote sensing image changes and
human language. This dataset will advance the change cap-
tioning task in the remote sensing community.

IV. METHODOLOGY

Fig. 5 shows an overview of our RSICCformer-based model.
The proposed model consists of three main components: 1) a
CNN-based feature extractor to generate high-level features of
RS image pairs, 2) a dual-branch Transformer encoder (DTE)
to improve the feature discrimination capacity for the changes,
and 3) a caption decoder to generate sentences describing the
differences. The dual-branch Transformer encoder consists of
a hierarchy of processing stages to capture and recognize mul-

tiple changes of interest. Concretely, we use the bi-temporal
feature differences as keys to enhance image features (queries)
from each temporal image in each stage. With the above
design, our method can capture the relationship between two
images, recognize changes of interest and generate correct
language descriptions.

The procedure of our RSICCformer-based model is shown
in Algorithm 1.

A. Di erence Encoding Module

The difference information can reflect the change regions
and the degree of change, which is valuable for the model
to capture changes of interest and ignore irrelevant changes.
The difference encoding module utilizes bi-temporal features
to obtain the high-level semantic features revealing the differ-
ences between two images. As shown in Fig. 5, the output
of the difference encoding module contains Xy;s;, and Xy, .
We define Xyip; (i = fo;11) as the difference representation,
which will be fed into the siamese CE modules along with
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Fig. 5. The overall structure of our RSICCformer-based model. The proposed model consists of three main components: a CNN-based feature extractor, a
dual-branch Transformer encoder, and a caption decoder. The CNN-based feature extractor generates bi-temporal image features. We flatten the bi-temporal
feature maps into two sequences respectively, add the learnable position embedding and then feed them into the dual-branch Transformer encoder (DTE).
Finally, a Transformer decoder as the caption decoder utilizes the features from the DTE to generate sentences. Concretely, the DTE consists of a hierarchy of
processing stages where in each stage, there are three modules: a difference encoding module, a siamese cross-encoding module, and a multi-stage bi-temporal

fusion module.

Algorithm 1 The procedure of our RSICCformer-based
Model.
Input: [ = (1,;1,,) (a pair of bi-temporal images)
Output: Caption
Define: DE « the difference encoding module
CE « the cross-encoding module
MBF < the multi-stage bi-temporal fusion module
CD « the caption decoder
EM « the word embedding
. // stepl: Feature Extraction
: for i in (f9;1;) do
X; = backbone(l;)
end for
. // step2: Dual-branch Transformer Encoder
X}, =0
: for /in (1 ~N) do
fziﬂzo; zllifltl = DE(thl;Xrlo)
X;, = CE(X;; thliflto)
X, = CE(Xfll;X(llifltl)
12: end for
. // step3: Caption Decoder
: Caption = EM(“start™)
: while w # EM(“end”) do
w= CD(X;VMS; Caption)
Caption = [Caption; w]
: end while
: return Caption

R A A A

—_—
- o

X; (i = ty);t1) to capture and recognize multiple changes
in the image at the time i (i = fy;#;). We have explored
three difference encoding (DE) strategies to generate Xyiyy
(i = tp; ;). These strategies can be formulated as follows:

DE; :Xgipu, = Xaifin, = Xo, — Xy (D
DEy :Xaifi, = Xaifi, = Abs(Xy, — Xyy) 2
DE;5 : X = RELU(conv([X;, — X3 Xi1)) 3)

where Abs denotes the element-wise operation of absolute
value. conv denotes 2D convolution for feature transformation.
RELU is a activation function.

B. Siamese Cross-encoding Modules

Our intuition is that the siamese cross-encoding (CE) mod-
ules utilize the difference representation from the difference
encoding module to capture changes. Fig. 6 illustrates the
structure of the CE module. Unlike the Transformer encoding
layer [86], we replace the self-attention mechanism with
a cross-attention mechanism. Each CE module contains a
residual unit with the multi-head cross-attention mechanism
and a residual unit with the feed-forward network. Layer
normalization (LN) [93] is performed after each residual unit.

For the cross-attention mechanism of the CE module, the
query (Q) is the linear transformation of single temporal
image features, while key (K) and value (V) are from the
linear transformation of the Xgs; (i = fo;t;) output by the
difference encoding module. Assume that X! € RF"*C and
Xaini € RW*C(i = 19;11) are input to the CE module of the
I — th DTE stage. H; W, and C, respectively, are the height,
width, and channel dimension of the feature map. The cross-
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Fig. 6. The structure of the cross-encoding module. The module contains
two residual units, and layer normalization (LN) [93] is performed after each
residual unit.

attention mechanism of the CE module at the /—h DTE stage
can be expressed as follows:

Q0 = X;w? 4)
Ki = X}, WX )
Vi = X W" ©)

(7)

where W2, WK; WV € R are trainable weight matrices,
C is the dimension of a single image feature X;, d is the
dimension of the Q;; K; and V;. Single-head cross-attention
can be formulated as follows:

O:K/"

CrossAt(Q;; K;; Vi) = ( Vi

Wi ®)

where is the softmax function.

A single attention head can project input features into
one representation subspace. Multiple attention heads can
obtain multiple representation subspaces because of multiple
(W2; WK; WY). It has been proved that the multi-head cross-
attention (MCA) mechanism pays attention to input features
from different aspects [86]. MCA contains multiple parallel
single-head cross-attention. The resulting features from mul-
tiple heads are concatenated and then sent into a linear layer
to make the output features have the same dimension as the
input features. The procedure of MCA at the / —th DTE stage
can be formulated as follows:

MulnHead(Xl, Xaip) = Concat(head,; ::::head,) W’  (9)

where head; = CrossAtt(XlWQ X(lhﬂlWK d;quV) (10)
where WQ WKW e R are trainable matrices of the j—th
head, Wo e thx(,l is a trainable linear projection matrix to
transform the feature channel dimension, / is the head number
of the multi-head cross-attention.

The feed-forward neural network of the CE module consists
of two linear layers with a RELU activation function. It can
be formulated as follows:

FF(X) = RELUXW)W; an
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Fig. 7. The structure of the multi-stage bi-temporal fusion module (MBF).
MBF utilizes the bi-temporal features from the siamese CE modules and
features from the previous MBF module to obtain high-level semantic features
revealing multiple changes of interest.

where X € RF"*d s the input. W, € R and W, € R* are
trainable matrices.

The procedure of the CE module at the [ — th DTE stage
can be expressed as follows:

CE(X!) = LN(X + FF(X))
X = LN(X] + MultiHead(X]; Xy )

12)
13)

where LN denotes the layer normalization [93].

C. Multi-stage Bi-temporal Fusion Module

The DTE consists of a hierarchy of processing stages. The
siamese CE modules at different stages can focus on different
changes. To focus on multiple changes of interest and ignore
irrelevant changes in the bi-temporal RS images, we designed
a multi-stage bi-temporal fusion (MBF) module to utilize the
features from different stage siamese CE modules to obtain
better high-level semantic feature representations revealing
multiple changes of interest.

Fig. 7 illustrates the structure of the MBF module. In the
MBF module, we concatenate the bi-temporal features (X,
X;,) from the siamese CE modules together in the channel
dimension. We then add them together with the features from
the previous MBF module. The resulting features are fed into
a residual unit with three convolutional layers to perform
bi-temporal feature fusion. The layer normalization is then
performed, which is proved to be valuable in experiments. The
procedure of MBF at the [ — th DTE stage can be formulated
as follows:

= [XG,: X1 (14)

X}m =X+ X\ (15)
X!, = conv3(RELU(convy(RELU(convi (X%, .)))  (16)

X = LN(X}, o + X)) (17)
where X! € RF*WXd(j = 1y:1)) are the reshaped features from

the siamese CE modules at the [ —th DTE stage. [ ; ] denotes



the concatenation operation. convy;conv,, and convs are 2D
convolutions witha 1 1,3 3, and 1 1 kernel. LN represents
the layer normalization.

D. Caption Decoder

The caption decoder utilizes Xy,; from the MBF module at
the last stage of the DTE to generate the sentences describing
the differences between images. For the caption decoder, we
use a standard Transformer decoder [86], which is a stack
of multiple decoding layers. Each decoding layer contains
three sub-layers, including multi-head masked self-attention,
encoder-decoder attention, and feed-forward network. Besides,
each sub-layer contains a residual connection and is followed
by the layer normalization operation.

Unlike multi-head self-attention, the multi-head masked
self-attention masks out the values at position ¢ and subsequent
positions when predicting the ¢ — th word in the training
stage. It ensures that each word prediction only depends on
the generated words [86]. For the encoder-decoder attention
of the caption decoder, it is similar to the multi-head cross-
attention of the siamese CE modules in the DTE. However,
the Q is from the previous masked self-attention sub-layer,
and the K and V are from the transformation of Xp,,. The
encoder-decoder attention (EDATft) of the [ — th Transformer
decoding layer can be formulated as follows:

EDAtt(Sl s Xfus) = Concat(head,; ::head,)W°  (18)
where headj=CrossAtt(SlWJQ;Xme]K;XfusW}/) (19)

where WJQ; W}K : WJ‘./ € R™ are trainable matrices of the j —
th head, W° € R">4 is a trainable matrix to perform linear
projection changing the feature channel dimension, i e R™
is the sentence embedding from the masked self-attention sub-
layer, L is the length of the sentence, A is the head number of
the multi-head cross-attention.

The output of the Transformer decoder is sent to a linear
layer with a softmax activation function to generate word
probabilities P = [py;p2; :pr] € RPK. K is the vocabulary
size. The word probability vector py = [ pil); pﬁz); o p§K>] is
used to predict the word at position t in the generated sentence.
It can be formulated as follows:

exp(yt)
Z,‘I; exp(yﬁ'))
(1. (2.

where y, = [y, y, ,.::yﬁK)] is a vector from the linear layer.
Softmax is a softmax activation function.

Pt = Softmax(y) = (20)

E. Network Details

1) RSICCformer-based model: We use a modified ResNet-
101 [94] pretrained on the ImageNet dataset [95] as backbone
to extract image features from bi-temporal images. We replace
the conv5 x and subsequent layers of ResNet-101 with a
1 1 convolution to reduce the feature channel dimension from
1024 to 512. We use three processing stages in the dual-branch
Transformer encoder and one decoding layer in the caption
decoder. The head number of all multi-head attention is set
to 8. We train word embeddings from scratch and set the
dimension of the word embedding to 1024. Besides, we used
the teacher forcing strategy in the training stage.

2) Position Embedding: Two position embedding methods
are used in the dual-branch Transformer encoder and the
caption decoder. We use the learnable 2-D position embedding
[96] to incorporate spatial position information in our mode
before bi-temporal feature sequences are fed to the dual-branch
Transformer encoder. Besides, the word order of the sentence
is valuable for captioning. In the caption decoder, we use sine
and cosine functions to perform the position embedding for
the sequence, as introduced in [86].

3) Loss function: The simple and effective CrossEntropy
loss has been widely used in captioning-related tasks [68],
[70], [71], [74]. We use it as the loss function and minimize it
to optimize the model in the training stage. The loss function
can be formulated as follows:

L K
loss = — Z log(z }ﬁk)pgk))
=1 k=1

where L is the sentence length, K is the vocabulary size. y;
= [}fl);}?ﬁz) ; :::}7?10 ] is the vector representation of the word at
o . oD @ (K7
position ¢ in the reference sentence. p; = [ p, ', p,”; 5 p, 1 is
the word probability vector which can be used to predict the

word at position ¢ in the generated sentence.
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V. EXPERIMENTS
A. Experimental Setup

1) Implementation details: We implemented all models
based on the PyTorch deep learning framework. All models are
trained and evaluated on the NVIDIA GTX 1080Ti GPU. In
the training stage, we use the Adam optimizer [97]. We set the
maximum epoch to 40. The dimension of the word embedding
to 512. The initial learning rate is 0.0001. We evaluate the
model on the validation set after each training epoch. The
learning rate will decay by a weight of 0.7 when the BLEU-4
metric on the validation set decreases three epochs. The best
model on the validation set is selected for evaluation on the
test set.

2) Evaluation metrics: The performance evaluation of the
captioning model depends on whether the generated descrip-
tive sentences conform to human judgments about differences
between bi-temporal images. The automatic evaluation metrics
can automatically measure the accuracy of the generated
sentences based on the annotated reference sentences. In this
work, we use four different metrics to evaluate the captioning
accuracy, including BLEU-N (N=1,2,3,4) [90], ROUGE-L
[91], METEOR [92], and CIDEr-D [98], which are widely
used in the remote sensing image captioning tasks [68],
[70], [71], [74] and change captioning tasks [12]-[17], [99].
Vedantam et al. [98] have demonstrated that these evaluation
metrics can highly correlate with human judgment. The higher
the metric scores, the higher the similarity between generated
sentences and reference sentences, and therefore the higher the
captioning accuracy.

B. E ects of Di erent Di erence Encoding Strategies

The difference encoding module utilizes bi-temporal fea-
tures to obtain the feature representation that reveals the differ-
ences between bi-temporal images. Siamese CE modules then



TABLE VI
THE EFFECTS OF THREE DIFFERENCE ENCODING STRATEGIES, WHICH HAVE BEEN INTRODUCED IN SecTION IV-A. WE CAN SEE THAT THE THREE STRATEGIES ARE EFFECTIVE.

Method ‘ BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr-D
Baseline ‘ 78.04 69.17 61.95 56.35 35.92 68.77 118.25
DE; 83.09 74.32 66.66 60.44 38.76 72.63 130.00
DE, 79.48 69.65 61.10 53.86 36.45 71.47 124.59
DE; 83.19 74.53 67.37 61.75 38.51 72.67 131.24
TABLE VII

ABLATION STUDIES ON THE SIAMESE CE MODULES AND MBF MODULE. THE MODEL PERFORMANCE IS EVALUATED THE MODEL PERFORMANCE ON THE TEST SET FROM THREE
ASPECTS. WE DID NOT REPORT THE CIDER-D METRIC FOR THE FIRST TEST METHOD AS THIS METRIC WOULD PENALIZE THE SCORES FOR FREQUENTLY OCCURRING WORDS. SINCE THE
WORDS EXPRESSING NO CHANGE ARE RELATIVELY MONOTONOUS, CIDER-D wiLL APPROACH 0. THEREFORE, CIDER-D CANNOT MEASURE SENTENCE ACCURACY IN THIS CASE.

Test Range Method ~ CE MBF | BLEU-I BLEU-2 BLEU-3 BLEU4 METEOR ROUGE-L CIDErD
T Baseline x x| 9107 8977 8912 8869 6672 91.88 -
(only no-change) | RSICCformer* X x| 9102 8962 8881 8823 66.67 92.24 -
RSICCformer X X | 9505 9424 9376 9342 7220 95.68 -
. Bascline x x| 6731 5221 3902 2901 21.85 45.62 4092
(only change) | RSICClormert X x| 7594 6125 4785 3708 2588 52.75 60.59
RSICCformer X X | 7643 6192 4881 3814 2572 52.53 60.56
- Baseline x x| 7804 6917 6195 5635 35.92 68.77 118.25
st set
(entire set) | RSICClormer* X x 83.00 7432 6666  60.44 38.76 72.63 130.00
RSICCformer X X | 8472 7627 6887 6277 3961 74.12 134.12

utilize the feature difference to recognize multiple changes.
Tab. VI reports the effects of the three difference encoding
strategies, which have been introduced in Section IV-A. The
baseline does not use the difference information of bi-temporal
images. It employs siamese Transformer encoders without the
difference encoding module to process bi-temporal features
separately. We can see that the three difference encoding
strategies are effective for improving model performance.

For the second strategy, the operation of taking the absolute
value will lead to performance degradation, which may be
because the timing information is valuable for the RSICC
task when describing the change types, such as appearing and
disappearing. Besides, the first strategy has low computational
complexity and is comparable to the third strategy. Therefore,
we employed the first straightforward and effective strategy in
subsequent experiments.

C. Ablation Studies

We conducted ablation studies to validate the effectiveness
of the siamese CE modules and MBF module. We trained
the model on the same training set and then evaluated the
model performance on the test set from three aspects: 1)
only testing the image pairs with changes, 2) only testing
the image pairs without changes, 3) testing on the entire test
set. Note that we did not report the CIDEr-D metric for the
first test method as this metric would penalize the scores for
frequently occurring words. Since the words used to express
no change are relatively monotonous, CIDEr-D will approach
0. Therefore, CIDEr-D cannot measure sentence accuracy in
this case.

Tab. VII reports the quantitative ablation results. Baseline
and RSICCformer* have the same feature extraction module
and caption decoder as RSICCformer. However, their encoders
are different from RSICCformer. The bi-temporal features
from the dual-branch encoder are concatenated on the channel
dimension and then sent to the caption decoder.

1) Siamese cross-encoding module: Tab. VII shows that
RSICCformer* outperforms baseline in three test ways. This
demonstrates that the siamese CE modules are effective and
can significantly improve the change captioning performance
of the model. It is attributed to the difference representation
being utilized by the siamese CE module. Since bi-temporal
images do not have the viewpoint change, the approach of
exploiting the difference between the corresponding positions
of two images as a prior is valuable for improving the feature
representation ability of the model and can be viewed as
introducing an inductive bias to the model.

Many previous synthetic image change captioning methods
have attempted to correlate identical regions of two images
with viewpoint change in order to capture and recognize
changes [12], [16], [17], [99]. Although our dataset has no
viewpoint change, it is still valuable to pay attention to the
corresponding regions before and after the change in the two
images. That helps the model recognize the change types
and the ground appearance before and after the change. We
visualize the attention states of each stage in the DTE of
RSICCformer and Transformer encoder of baseline, as shown
in Fig. 8. For the baseline, the attention regions for the two
images are different at each stage. It is attributed to the fact
that two images are processed separately by two Transformer
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Fig. 8. Visualization of the attention states of each stage in the Transformer encoder of baseline and DTE of RSICCformer. Specifically, for the baseline, the
attention maps are obtained from the self-attention of the Transformer encoding layer. For the DTE, the attention maps are obtained from the cross-attention
of the CE module. The warmer the color, the higher the attention value. Red areas are paid more attention, while blue areas are paid less attention. We
can observe that our method could focus on multiple changes at different stages. Regarding image pair 1, the first stage focuses on the changed winding
path, swimming pool, and road. The second stage focuses on the small building change area, and the third stage focuses on the large building change area.
Regarding image pair 2, the first stage focuses on road change, the second stage focuses on building change, and the third stage focuses on vegetation change.
Regarding image pair 3, the first stage focuses on the road change, the second stage focuses on building and road changes, and the third stage focuses on

vegetation change.

encoders, which make their respective salient regions to be
paid attention to. For our method, the attention maps for the
bi-temporal images seem to be the same. It illustrates that
the siamese CE modules can pay attention to the positions of
changed regions in the bi-temporal images at each stage. That
is attributed to the ability of the siamese CE modules to utilize
the different features revealing change positions. Besides, we
can observe that the siamese CE modules at different stages
can focus on multiple different changed objects, some large
and some small. For example, regarding image pair 2, the
first stage focuses on the road change, the second stage on the
building change, and the third stage on the vegetation change.

2) Multi-stage bi-temporal fusion module: Fig. 8, shows
that the siamese CE modules can focus on different changes
at different stages. Besides, bi-temporal images contain some
irrelevant changes that we are not interested in. For example,
regarding image pair 2 in Fig. 8, we are interested in road
change and building change, not vegetation change and light
change. To capture multiple changes of interest and ignore
irrelevant changes in the bi-temporal RS images, we designed
the MBF to utilize the bi-temporal features from different stage
CE modules to obtain high-level semantic feature representa-
tion, which reveals multiple changes of interest and excludes
irrelevant changes. Tab. VII demonstrates that MBF can signif-



